on scaled or non-scaled data. of sites that share the same best performers are graphically identified.
M ultienvironment trials are conducted for all ma-
If the which-won-where patterns identified by a biplot jor crops throughout the world. The main purare repeatable over years, different mega-environments pose of MET is to identify superior cultivars for recom-(subregions) can be defined. By selecting superior cultimendation to farmers and to identify sites that best vars for each mega-environment, both G and GE can represent the target environment. Usually, a large numbe effectively exploited. The GGE biplot is still useful ber of genotypes are tested over a number of sites and even in cases where the which-won-where patterns are years, and it is often difficult to determine the pattern not repeatable over years, which suggests that the tested of genotypic responses across environments without the environments belong to a single mega-environment. It help of graphical display of the data.
can be used to identify superior cultivars and test envi- Yan et al. (2000) developed a "GGE biplot" methodronments that facilitate identification of such cultivars, provided that the target mega-environment is suffiology for graphical analysis of MET data. "GGE" refers ciently sampled and that the genotype PC1 scores have to the genotype main effect (G) plus the genotype ϫ near-perfect correlation (say, r Ͼ 0.95) with the genoenvironment interaction (GE), which are the two type main effects. Ideal cultivars should have large PC1 sources of variation that are relevant to cultivar evaluascores (higher average yield) and near zero PC2 scores tion. A biplot (Gabriel, 1971 ) is a plot that simultane-(more stable). Similarly, ideal test environments should ously displays both the genotypes and the environments have large PC1 scores (more discriminating of the culti-(or in more general terms, both the row and the column vars) and near zero PC2 scores (more representative of factors). The GGE biplot is a biplot that displays the an average environment). (Note that a "test environ-GGE of MET data. It is constructed by plotting the ment" refers to a year-site combination; it does not first two principal components (PC1 and PC2, also renecessarily correspond to a "test site".) Thus, the GGE ferred to as primary and secondary effects, respectively) biplot allows many important questions to be addressed derived from singular value decomposition (SVD) of effectively and graphically. the environment-centered data. Models that decompose However, the requirement for a near-perfect correlathe environment-centered data are commonly referred tion between genotype PC1 scores and genotype main to as sites regression models or SREG, and SREG with effects is not always met, which restricts to the utility two PCs is referred to as SREG 2 . SREG can be used of the SREG 2 based GGE biplot. Analysis of the yearly MET data of the Ontario winter wheat performance trials during 1989-1999, and of winter wheat perfor-mance trials from several states of the USA (Yan, un- 
indicates that the genotype PC1 scores are i.e., usually highly correlated with the genotype main effect.
Poor correlations between genotype PC1 scores and genotype main effects, however, do occur for some years.
Thus, Moreover, when multiple years of data are analyzed together, this becomes a norm rather than an exception because of large and complex GE interaction (discussed A n ϭ 0.5
[2] later). In such cases, the genotype PC1 scores cannot be interpreted as representing the same information as the genotype main effects. Consequently, the yielding ability and stability of the genotypes, and the discrimiThe SREG M؉1 Biplot nating ability and the representativeness of the test envi- Mandel (1961) presented the following model for analysis ronments cannot be readily visualized.
of non-additivity of two-way data:
To avoid these possible exceptions, in this paper we report an alternative GGE biplot, which is constructed 
MATERIALS AND METHODS
[6] The SREG 2 Biplot
The SREG 2 based GGE biplot is derived from Eq. [1]
A 1 and B are chosen such that the plot space used by genotypes are the same as that by environments. Analogous to PC1 and The data used in this study were from the 1989 to 1999 i in Environment j. The values of n , in , and jn are simultaneOntario winter wheat performance trials (Yan, 1999) . Each ously obtained by subjecting the environment-centered yield year, 10 to 33 winter wheat (Triticum aestivum L.) cultivars (i.e., Y ij Ϫ␤ j ) to SVD. This can be achieved by principal compoare tested with four to six replicates in seven to 14 sites reprenent analysis of the environment-centered yield using the SAS senting the Ontario winter wheat growing areas. Previous analprocedure PRINCOMP. The PRINCOMP generates in as ysis indicated that the yearly variance components due to the genotype scores and ( n in ) as the environment scores.
environment (E) dominated the total yield variation, ranging Alternatively, n , in and jn can be obtained by the SVD from 55 to 91% and averaging 80% of the total variance. function within the SAS procedure IML, which is a basic
The variance component due to G ranged from 1.8 to 28.5%, function in many SAS procedures related to principal compowhereas that due to GE ranged from 7.3 to 15.1% (Yan, 1999 dicular to the sides of the polygon are drawn to, and
In addition, a complete subset of 11 cultivars by 34 environextended beyond, each side of the polygon dividing the ments (year-site combinations) extracted from the 1996 to plot into several sectors; each site will fall into one of 1999 trials was also used in the comparison.
the sectors (note that only perpendiculars relevant to discussion were drawn). Assuming that the biplot suffi-
RESULTS
ciently approximates the variation of GGE, it can be mathematically proven that all sites in the same sector For all datasets, both SREG 2 and SREG Mϩ1 use the share the same winning genotype, which is the vertex same number of degrees of freedom [(gϩeϪ2)ϩ (gϩeϪ genotype for that sector (Yan et al., 2000) . 4) or 2(gϩe)Ϫ6, where g is the number of genotypes
In Fig. 1A , the sites fell into three sectors: the winning and e the number of the environments] (Table 1) . With the same number of degrees of freedom, SREG 2 is theogenotype for sites RN, WE, ID, and NN was Genotype retically the most effective model for explaining the 6; the winning genotype for sites WK, HN, and EA was variation due to GGE, because the first two principal Genotype 9; and the winning genotype for site OA was components are computed to explain the maximum Genotype 29. Note that Genotype 9 was the best perforamount of variation. Nevertheless, SREG Mϩ1 explained mer for WK, HN, and EA because markers of these only slightly smaller amounts of GGE. When averaged sites were on Genotype 9's side of the perpendicular to over 12 datasets, SREG 2 explained 69.1%, whereas the line that connects Genotypes 9's marker and that SREG Mϩ1 explained 67.8% of the total GGE (Table  of genotype 6 . Vertex genotypes without any site in 1). Thus, SREG Mϩ1 is nearly as effective as SREG 2 in their sectors were not the highest yielding genotypes at explaining the variation of GGE. So the discussion will any site; moreover, they were the poorest genotypes at be focused on whether the SREG Mϩ1 biplot displays all or some sites. Genotypes within the polygon, particusimilar which-won-where pattern as the SREG 2 biplot. larly those located near the plot origin, were less responsive than the vertex genotypes. It can be appreciated 1998 Data that the supplementary lines on the biplot are critical for visual analysis of the MET data. The PC1 scores of the SREG 2 model had near-perfect
In addition, a near-perfect correlation between genocorrelation (r ϭ 0.99) with the genotypic main effects type primary effect scores and the genotype main effects for this dataset. Consequently, the SREG 2 biplot and allows both biplots, Fig. 1A , as well as Fig. 1B , to be the SREG Mϩ1 biplot look almost exactly alike. They used to evaluate cultivars for their yielding ability and were, therefore, equally effective in displaying the GGE stability and to evaluate environments for their discrimiinformation ( Fig. 1A and 1B) .
nating ability and representiveness. Genotypes 6 and 9 The GGE biplot is constructed by plotting the prigave the highest average yields (largest primary scores) mary effect scores of each genotype (as x-axis) and each and were relatively stable over the sites (small absolute site against their respective secondary effect scores (as secondary scores). In contrast, three non-adapted Genoy-axis) such that each genotype and each test site is types 27, 28, and 31 yielded poorly at all sites, as indirepresented by a "marker." For visualizing the whichcated by their small primary scores (low yielding) and won-where pattern, the genotype markers located away relatively small secondary scores (relatively stable). The from the plot origin were first visually identified and average yield of Cultivars 1 and 20 were below average connected with straight lines to form a polygon, within (primary scores Ͻ0) and highly unstable (large absolute which the markers of all other genotypes are contained. secondary values). The biplots show not only the averThese away-from-origin genotypes, namely 6, 9, 29, 33, age yield of a genotype (the primary effect), but also 27, 28, 20, and 2 in Fig. 1A , are called "corner" or how it was achieved. That is, the biplots also show the "vertex" genotypes because they are at the corners of the polygon. Next, starting from the origin, lines perpenyield of a genotype at individual sites. For example, (i.e., genotype main effects since they were perfectly correlated in this dataset) and the differences among genotypes are in proportion to the primary effect scores of the sites. Thus, a genotype that yielded well at such a site has a large average yield. On the contrary, site OA was neither discriminating (small primary effect score) nor representative (large secondary effect score); and therefore, cultivars had high yield at OA did not necessarily give high average yield over sites. Analysis of multiple year data indicated that OA represented a different mega-environment (eastern Ontario) from the major winter wheat growing regions in Ontario (Yan et al., 2000; Yan, 1999) .
Data
As with most datasets, the SREG 2 biplot ( Fig. 2A ) for 1996 indicates that all PC1 scores of the sites were of the same sign, which was arbitrarily assigned positive so that the genotype PC1 scores correlated positively with the genotype main effect. However, as mentioned earlier, the correlation between the genotype PC1 scores and the genotype main effects for this dataset was only 0.85. The relatively poor correlation is associated with the fact that the GGE explained by PC1 is only slightly greater than that by PC2 (29.6 vs. 24.5%). The poor correlation prevents the genotype PC1 scores of the SREG 2 solution being interpreted as representing the genotype main effect; in fact, it alone is not interpretable in known biological and agricultural terms. In such cases, the utility of a SREG 2 biplot is limited to investigation of the which-won-where patterns. Based on Fig. The SREG Mϩ1 biplot (Fig. 2B ) explained slightly less GGE, but revealed the same which-won-where patterns as the SREG 2 biplot. It indicates that Cultivar 1 won at Cultivar 6 had the highest average yield because it sites RN, LN, WE, and ID, and Cultivar 2 won at sites yielded the highest at sites RN, WE, ID, and NN, and EA, WK, CA, HW, and OA. In addition, the SREG Mϩ1 yielded above average at all other sites. On the other biplot is more interpretable. By definition, the primary hand, the average yield of Cultivar 20 was below avereffects of the SREG Mϩ1 biplot are the cultivar main age, because it yielded below average at sites OA, EA, effects, and its secondary effects are deviations from the HN, WK, and NN, even though it was quite good at main effects of the cultivars. Thus, the SREG Mϩ1 biplot RN. A below-average yield is indicated if the virtual explicitly showed that Cultivars 1 and 2 were the highest line from the origin to the marker of a genotype has an yielding cultivars on average, but neither was very staobtuse angle with the virtual line from the origin to the ble, as evidenced by their relatively large secondary marker of a test site. Likewise, an above-average yield effects. With respect to the sites, the SREG Mϩ1 biplot is indicated by an acute angle. Supplementary lines, indicated that site EA was highly discriminating, but not presented in the biplots, are required to explicitly not representative of the average environment, whereas determine these relationships.
WK and RN were both discriminating and represenWith respect to the test sites, RN was most discrimitative. nating as indicated by the longest distance between its marker and the origin. However, due to its large second-
ary score, cultivar differences observed at RN may not exactly reflect the cultivar differences in average yield
The 1995 dataset was the only dataset found during over all sites. Site NN was not the most discriminating, the 1989 to 1999 Ontario winter wheat performance but cultivar differences at NN should be highly consistrials in which the site PC1 scores of the SREG 2 differ tent with those averaged over sites because it had a in sign (Fig. 3A) . Among the 14 test sites, four (Sites near-zero secondary effect score. At a site with a near-4, 6, 7, and 10) had negative PC1 scores, though their zero secondary effect score, the genotypes are essenabsolute values were small. This led to poor a correlation between the cultivar PC1 scores and the cultivar tially ranked according to their primary effect scores 
1996-1999 Data
cultivar G6 was the best for nearly all sites except Sites Although the environmental PC1 scores in the SREG 2 4, 6, and 7, at which Cultivar G4 (and also G10) was model tend to be of the same sign for yearly MET, better than G6. Cultivar G7 was as good as G6 for Sites they often take different signs when multi-year data are 5 and 12. These patterns are similar in the SREG Mϩ1 jointly analyzed. For this dataset, among all 34 year-site biplot (Fig. 3B) . It indicates that Cultivar G6 was on combinations, 9 had negative PC1 scores and the rest average the best and Cultivar G12 the second best, and had positive PC1 scores (Fig. 4A) . Like the 1996 data, that Sites 5 and 12 were highly discriminating but neither the GGE explained by PC1 was only slightly greater was representative. Interestingly, all sites had positive than that by PC2 (24.5 vs. 22.7%). As a result, the primary effects in the SREG Mϩ1 biplot, as compared correlation between cultivar PC1 scores and cultivar with the site PC1 scores of different signs in the SREG 2 biplot. main effects was only 0.58. This low correlation prevents large primary effect scores but near-zero secondary visual identification of cultivars with high average yield scores. Second, because the genotypic primary effects based on the SREG 2 biplot. Nevertheless, as with all indicate general adaptation of the cultivars, the environprevious datasets, both biplots displayed very simimental primary effects must indicate the ability of the lar which-won-where patterns ( Fig. 4A and 4B) . The environments to discriminate among the cultivars in SREG 2 biplot predicted that cultivar "2533" was the terms of general adaptation. Environments with larger best performer in about half of the 34 environments primary effects would thus facilitate identification of while cultivar "Men" was the best in the other half.
cultivars with better general adaptation. Third, analoTherefore, it can be inferred that cultivars "2533" and gous to the genotypic secondary effects, the environ-"Men" must be the two best performers on average. mental secondary effects must indicate the tendency of This, however, is explicitly indicated only in the SREG Mϩ1 each environment to cause GE interaction. Environbiplot. As for the 1995 dataset, while the primary effects ments with large (absolute) secondary effects should of the environments were of different signs in the SREG 2 favor the performance of some cultivars, but disfavor biplot, they were all positive in the SREG Mϩ1 biplot.
others at the same time. Thus, cultivars selected under environments with large secondary effects may be highly DISCUSSION specific to these environments but lack general adapta-
Merits of the Two Types of GGE Biplots
tion or stability. Therefore, from the perspective of selection for high yielding and stable cultivars, the ideal This study indicates that both the SREG 2 biplot and test environments should have large primary effects, but the SREG Mϩ1 biplot explained similar amounts of varianear-zero secondary effects. tion due to GGE, although the former tends to explain slightly more in most cases. Both biplots displayed the
Why Correlation between Genotype Scores
same which-won-where pattern and indicated the same of PC1 in SREG 2 and Genotype Main winning cultivars in individual environments. Therefore,
Effects Varies with Datasets
the two biplots can be considered as equally effective in these regards.
It was concluded that the SREG Mϩ1 biplot is more The SREG Mϩ1 biplot was designed to be more interdesirable than the SREG 2 biplot for MET data analysis pretable than the SREG 2 biplot. First, since the genobecause the interpretability of the latter is impacted by typic scores for the primary effect of SREG Mϩ1 are desigthe uncertain relations between its primary effects and nated to indicate the average yield (general adaptation) the genotype main effects. On the basis of the trials of the cultivars, the genotypic scores of the secondary investigated in this study, Fig. 5 indicates that this correeffect must indicate GE interaction associated the cultilation is strongly determined by the relative importance vars, which is an indicator of selective or specific adaptaof G in GGE. Near-perfect correlation occurs when G tion. Thus, the SREG Mϩ1 biplot simultaneously displays is 40% or more of GGE (the 1992, 1993, 1997-1999 datasets) , and poor correlation occurs when G is 20% both general adaptation and specific adaptation (stability) of the cultivars. The ideal cultivars are those with or less of GGE (the 1995, 1996 and 1996-1999 datasets).
biplot technique can not readily applied; single year data are usually balanced but they may not be representative of future years. Thus, a question arises whether biplot analysis of single year MET data is really useful if the which-won-where pattern is not repeatable over years. A single year data may indeed have limited value because of the year-to-year variation. Nevertheless, we believe biplot analysis of single year MET data is worthwhile for the following reasons. First, the GGE biplot is a graphic display of the G and GE of the data, which are relevant to cultivar evaluation and mega-environment identification. Therefore, if the researcher believes that a single year MET is worthy of analysis, and we believe most researchers do, the GGE biplot technique should be the first choice. Although the biplot does not add new information to the data, it does help the researcher quickly view the patterns that are in the data. The biplot gives the researcher the power to "see" what was going on in a particular year. Some may question the usefulness of the single year patterns if they are not identify research problems. For example, if two cultivars were found to perform the best in two different groups The essence of principal component analysis is to pick of locations in a particular year, one might want to know up the most important pattern in the data using the what were the underlying reasons, and answers to this smallest number of degrees of freedom. PC1 picks up question may lead to valuable findings. By relating the largest pattern, PC2 picks up the second largest biplot scores to explanatory variables collected in the pattern, and so on. A close correlation between PC1 trials, Yan and Hunt (2001) was able to reveal that in scores and genotype main effects occurs only when the Ontario, Canada, tall and late winter wheat cultivars genotype main effect is large enough to be the most tended to be favored in seasons with cold winters and important component of GGE. A poor correlation occool summers, whereas early and short cultivars tended curs otherwise, which suggests strong and complex GE to be favored in seasons with warm winters and hot interaction in the data. Therefore, it is not surprising summers. Third, the biplot patterns based on a single that the correlation between PC1 scores of SREG 2 and year MET can serve as hypotheses, which can be tested genotype main effect is typically poor when multi-year using extended data and more critical statistics. For exdata are analyzed in a genotype ϫ environment (yearample, biplots based on yearly data from the Ontario site) fashion, because greater and more complex GE winter wheat performance trials led to the hypothesis interactions are sampled in a multi-year MET than in that two eastern Ontario sites (Ottawa and Kemptville) a single year MET. Complex GE interaction is usually constituted a mega-environment different from the rest accompanied by similar amounts of GGE explained by of the Ontario winter wheat growing region, which was PC1 and PC2 (as for the 1996 and 1996-1999 datasets, subsequently tested and supported by variance compo- Table 1 ), as opposed to much more GGE explained by nent analysis based on pooled data from 11 yr of perfor-PC1 than by PC2 (e.g., the 1998 dataset). mance trials (Yan, 1999 where pattern is proven to be unrepeatable over years, the researcher would still want to know the average As a graphic approach to MET data analysis, GGE yield and the stability of the cultivars based on each biplot can be useful in two major aspects. The first is year's MET. These two aspects of cultivar performance to display the which-won-where pattern of the data, are graphically depicted by the abscissa and ordinate of which may lead to identification of different mega-envithe biplot, respectively. Finally, although a biplot from ronments. The second is to identify high-yielding and a single year may not be very informative, biplots constable cultivars and discriminating and representative structed from several years can be highly valuable. test environments. However, both promises are based Moreover, the biplot technique is not limited to single on the assumption that the data is sufficiently represenyear MET data analysis. It can also be applied to baltative of the target environment; a conclusion can never anced subsets extracted from multiple years of trials. In go beyond what the data allow. While multi-year MET Ontario, for example, over 20 winter wheat cultivars data are required for any decisive cultivar and site evaluation, they are normally unbalanced, and therefore the are common to three to four years of performance trials, wick, 1995a,b; Yan and Hunt, 1998; Vargas et al., 1999) . maize over an important series of years. Only van Eeujwick et al. (1995b) reported results concerning maize multi-environment trials over a series of 11 yr but they N ewly registered cultivars generally need to be studied forage percent dry-matter content and not yield. tested at many locations and for several years beLittle is known about the most relevant environmental fore being recommended for a given zone. To achieve
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